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Abstract. In a changing competitive business landscape, organizations are 
challenged by traditional processes and static document-driven business 
architecture models or artifacts. This marks the need for a more adaptive and 
analytics-enabled approach to business architecture. This article proposes a 
framework for adaptive business architecture modeling to address this critical 
concern. This research is conducted in an Australian business architecture 
organization using the action design research (ADR) method. The applicability of 
the proposed approach was demonstrated through its use in a health insurance 
business architecture case study using the Tableau and Jalapeno business 
architecture modeling platform. The proposed approach seems feasible to process 
business architecture data for generating essential insights and actions for 
adaptation. 
Keywords: Enterprise Architecture, Business Architecture, Analytics, Data Gap 
Analysis, Adaptive Architecture. 
1 Introduction 
Enterprise Architecture (EA) is an important discipline for handling organizational design and its 
underlying complexity [1]. It helps to address the alignment and integration of business and IT [1], 
[2] through strategy to execution [3] for enabling business value [2]. In particular, EA is a way to 
take an organization from a high-level strategy to execution, and also provides oversight and 
governance of their program of works [4].  
Several frameworks have been proposed and evolved, which can be used to establish and run an 
EA practice [5]. For instance, TOGAF and Zachman frameworks have been around for a long time 
and cover both the EA method and ontology aspects. TOGAF seems to provide an end-to-end 
architecture development method (ADM) covering architecture planning, design, execution and 
governance phases. It offers different views to document different EA domains and layers. The 
Zachman framework provides an ontology, which may guide documenting different architecture 
views at different levels of abstractions ranging from contextual to operational architecture views.  
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A typical EA consists of four architectural domains: Business Architecture, Data Architecture, 
Application Architecture and Technology Architecture [6]. Business Architecture (BA) is an 
evolving domain of EA that has generated significant interest among the community for its 
effectiveness in business capability-based planning [7]. BA provides a well-rounded view of a 
business by using standardized artifacts [7] to align the business strategy, governance, organizations 
and critical business processes [6]. 
Both TOGAF and Zachman are process and documentation driven frameworks [8]. The artifacts 
generated from these processes and ontologies, tend to be static and consequently slow in 
responding to changing stakeholder needs and business environments [5]. Static documentation-
driven BA artifacts become outdated over time due to their inability to evolve with the changing 
business needs and operating environments. Thus, there is an urgent need for a shift from a static 
document-driven approach to a more flexible and “data” driven approach [9].  
Analytics in recent times, specifically business analytics, seems to aid key business stakeholders 
in making evidence-based decisions. Thus, researchers and practitioners are taking an interest in 
using analytics to model and infer basic patterns and relationships in data for generating valuable 
insights and actions for adaptation. This brings us to the need for researching the possible use of 
business analytics to enable adaptability in BA.  
However, the challenge is how to do so? This draws our attention to the following research 
question: How to enable adaptability in business architecture using business analytics? 
This article aims to address this research question and proposes to change the current traditional 
document-heavy ways of BA modeling. This article focuses on one area of BA modeling (capability 
modeling) for simplicity. It also provides a step by step approach to implementing adaptability in 
BA capability maps or models using analytics. This research is timely and relevant to academia and 
practice within the current context of the digital ecosystem for business innovation and 
transformation [10], [11]. It is also crucial because it enhances our current knowledge and 
understanding of the intersection of business analytics and BA by providing a research-based 
practical approach to implementing business analytics techniques in adaptive BA modeling.  
From a practice perspective, UTS (University of Technology Sydney) and Capsifi (our industry 
partner) were involved in a joint research project in 2018. The scope was to define the proposed 
analytics-enabled approach to adaptive BA modeling. This practice-driven research need was 
addressed by an action design research (ADR) method [12], [13] employed in collaboration with 
UTS, a university and research provider in Sydney, Australia, and Capsifi, a BA specialist industry 
research partner based in Sydney, Australia.  
The structure of this article is as follows: Section 2 provides the research background and 
motivation. Section 3 describes the ADR research method and data collection. Section 4 presents 
the adaptive BA approach enabled by business analytics. Section 5 demonstrates the application of 
the proposed approach with the help of a case study example. Section 6 concludes the findings and 
provides directions for future work. 
2 Research Background and Motivation 
2.1 Enterprise Architecture 
EA is defined as the continuous process of planning and designing a holistic view of an enterprise. 
It focuses on converting business strategy into an executable architecture design for implementation 
planning and governance [4], [14]. The goal of an EA is to allow organizations to continually 
remain competitive and adaptable in the business ecosystem [14]. Conventionally, organizations 
adopt EA for the following use cases [4]:  
• Business-IT alignment: Using EA as an enabler to align an organization's IT capabilities with 
business objectives or vice versa [1], [4].  
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• The business value of IT: Using EA for integrating enterprise siloes for effective 
communication and coordination of investments in technology for business-IT 
alignment [4], [7]. 
• Information accuracy and integrity: Using EA to ensure information accuracy and 
completeness between the different enterprise layers, as indicated in Figure 1 [4]. 
• Security architecture: Using EA to address security (including privacy and ethics) as an 
overarching concern for ensuring confidentiality, integrity and availability of assets across the 
enterprise [4]. 
• Enterprise governance: Implementing EA provides an accountability framework for bringing 
business strategies to operational fruition [4].  
EA comprises several domains or layers as seen in Figure 1. For instance, the BA domain 
consists of several models or views such as business motivation model, business model canvas and 
business capability model. A business capability model is critical to BA, which provides the anchor 
model to overlay other architecture models and elements (e.g. data, technology). A capability 
defines the ability of an organization to achieve an outcome. A capability is composed of four key 
elements (PPIT): People, Process, Information and Technology [15], [16]. Data or information 
architecture is another domain, which is used to address the critical data or information 
management concerns of an organization. Having a clear data architecture in alignment with the 
business capability map will provide a structured approach to data handling across the 
enterprise [17]. Application architecture is essential to model the applications that are required to 
support the business and data architecture. Technology architecture provides the blueprint of a 
technology landscape, including virtual and physical technology platforms and infrastructure across 
the enterprise to host and support the applications [17]. Figure 1 presents a concise view of the four 
main domains of the EA.  
   
Figure 1. Enterprise Architecture Layers [6] 
There are several EA frameworks to choose from to model the EA artifacts. However, the four 
commonly referenced EA frameworks are listed here [18]:  
• TOGAF (Open Group) [6]: The most commonly used framework, accounting for 80% of 
frameworks used in the market. 
• The Zachman Framework [19] 
• Federal Enterprise Architecture framework [20] 
• Gartner Framework [21] 
With the advent of agile methodologies, practitioners are gravitating towards an agile or adaptive 
approach to EA to keep up with the changing stakeholder needs and the business environment [5]. It 
is further highlighted in [5] that 33% of organizations are worried about the artifacts, produced as a 
part of their EA process, being documentation driven. The static nature of these artifacts causes 













deliverables are outdated even before their completion or implementation due to recent volatility 
and agility needs of an adaptive enterprise [5].  
2.2 Agile or Adaptive Enterprise Architecture 
EA practices need an agile or adaptive approach and adaptive thinking to thrive in this constantly 
changing dynamic business [22]. However, organizations are often unsure of what they are adapting 
to and how to adapt. It is essential to understand that an EA is not looking to supply services to an 
enterprise that makes it adaptive in turbulent environments [18]. It is observed [23] that there are 
three schools of thought – Architecting, Integrating, and Enterprise Ecological Adaptation. This 
research paper explicitly examines the third school of thought, which looks at the evolving nature of 
the enterprise. However, to establish an agile or adaptive EA capability within an organization, we 
need a systematic and adaptive approach as well [24].  
The Gill Framework [9], [18] provides an adaptive approach that discusses the need for using 
analytics for adaptive EA modeling. The framework refers to the six principles of Agility, 
Analytics, Design Thinking, Resiliency, Service Science, and Systems thinking to enable adaptive 
EA modeling. In another relevant approach, Limnios proposes the Resilience Architecture 
Framework to extend the adaptive principles for enabling enterprise resilience [25]. This article 
complements the “analytics” principles of predictive, prescriptive or descriptive models for 
adaptive EA.  
Why use analytics? As all unique aspects of an organization are being copied due to 
globalization, a company can do a few things to remain competitive in this digital age [18], [25]. 
The first thing is to be resilient and the second is to use their “local facts or evidence” to enable 
data-driven execution and smart decision making, to extract maximum value from business assets 
and investments. This provides us with a strong research motivation to explore the possibility of 
developing an analytics-driven or enabled approach to adaptive BA as a novel class of problem for 
this ADR project. Furthermore, the research motivation is also informed by the need of our industry 
partner to have a more adaptive BA approach to handle dynamic business needs, which is not 
possible using the traditional documentation driven architecture modeling frameworks and 
approaches.  
2.3 Analytics  
There are three main types or categories of analytics: descriptive, predictive and prescriptive 
analytics. Techniques such as Machine Learning, Artificial Intelligence and Simulation are used in 
analytics to understand “What happened in the past and why it happened” [26]. Table 1 summarises 
the three categories and high-level questions. 
Table 1. Types of analytics 
Descriptive Predictive Prescriptive 
What happened in the past, and 
why? 
What could happen in the future? What actions can we take? 
Descriptive analytics is a reflection of what happened so far, and it could be an indicator of 
current trends [27]. Predictive analytics provides details about what might happen next. This type of 
analytics is often used as a forecasting mechanism used to predict future trends based on the 
information from descriptive analytics [27]. Prescriptive analytics analyses and provides potential 
future actions that can be taken for the predicted scenarios or trends to achieve the optimum 
business outcome [27]. Several technology platforms can be used for analytics such as SAS, SAP, 
IBM, and Microsoft [28].  
Each of these types of analytics is important. However, they are compelling when used in 
conjunction with each other to complement the overall analysis. A successful analytics strategy 
could make or break the organization. Take the example of Walmart, the American Cancer Society 
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[29] and Amazon. All these organizations have understood the competitive landscape and 
understood their customers in such a way that let them make effective and timely strategic business 
decisions in a changing ecosystem [29]. Customer value, market share and continued agility are 
traits among the organizations that successfully adopted analytics [29]. With the power of analytics, 
enterprises are proactively using evidence-based approaches to prevent interruptions in business 
services [30].  
Business analytics represents the application of data analytics in business, which is the focus of 
this article. Business analytics aims to enable decision making within the organization. Having 
quality data is critical for actionable business analytics and insights. Business analytics has shown 
much promise in helping organizations with identifying data related to subjects under study and the 
resulting inefficiencies [31]. One aspect of business analytics is using visualizations to aid 
organizations with decision-making capabilities. Visual analytics allows the user to visually model, 
analyze and interpret information and knowledge from complex data. The goal of visual analytics is 
to “effectively understand, reason and make decisions” [32], [33]. Analytics can also help us 
decipher the gaps between the current and target state of the BA [34]. 
While business analytics seems useful, it is not clear how and where to use business analytics in 
EA, and in particular BA. The next section covers the use of business analytics in EA.  
2.4 Business Analytics in EA 
Traditional EA modeling and deliverables are composed of static diagrams or viewpoints that are 
presented to stakeholders and do not change with the changing nature of data. These deliverables 
often require an expert’s intervention. An analytics-enabled adaptive EA can be viewed as a 
decision support system for different types of stakeholders’ [18]. [33] proposes an EA Cockpit that 
dynamically generates interactive visualizations or models to represent the various architecture 
model relationships and characteristics. This work has been extended by [35] to aid decision 
analytics in EA Management. It is observed in [18], [25] that advanced qualitative and quantitative 
analysis and predictive modeling capabilities are important to generate data-driven insights for the 
business and EA in particular. 
Business analytics can be used for BA modeling, and this requires collecting BA data as an input 
for business analytics. Thus, we need to collect and digitize the “data” about BA elements and their 
relationships. There could be some challenges with obtaining the most up-to-date data to perform 
analysis for BA, which needs to be considered when using business analytics for BA. The authors 
of [36] propose a framework to create IT architecture models from data automatically. The paper 
proposes a truth algorithm that can utilize heterogeneous data from multiple sources to generate 
different types of IT architecture models. 
[37] proposes seven propositions that examine the benefits of architecture and IT decision 
making. Architecture artifacts are also increasingly being used to diagnose problems and action 
them. [38] proposes a hybrid automated and manual modeling of decision support systems using a 
genetic algorithm. This system recommends and optimizes the EA or BA model, so it aids 
architects in producing accurate and consistent architecture models. There is an increasing interest 
among the community to use analytics for EA. The interest is there; however, the challenge is how 
to do so? This research aims to address this challenge using the ADR method in collaboration with 
an industry partner.  
3 Method and Data Collection 
Action Design Research (ADR) method [12] with an embedded case study approach [39] has been 
employed for this research. This method is an appropriate choice for building, intervening and 
evaluating the artifacts or models in a practical industry research partner’s organizational context 
such as this project [40].  
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The industry research partner for this project is Capsifi. Capsifi offers a cloud-based BA 
modeling platform, called Jalapeno [41]. Capsifi engaged researchers from the University of 
Technology Sydney (UTS) in 2018 to help them with the research and development of an analytics-
enabled adaptive BA modeling approach which can then be integrated with their existing modeling 
framework and platform. The deliverables at every stage are inclusive of the ADR building, 
intervention and evaluation (BIE) stages, involving continuous feedback from experienced business 
architects at Capsifi and collaboration with the research practitioners at UTS. For the scope of this 
research, an analytics-enabled adaptive BA modeling approach has been developed for Capsifi. The 
proposed approach has been evaluated with the help of a case study provided by Capsifi to 
understand its applicability. The details of the case study and relevant data will be further discussed 
in the case study section of this article. The continuous two-way feedback between UTS and Capsifi 
enabled to build and evaluate the analytics-enabled adaptive BA modeling approach. Figure 2 
summarizes the overall ADR method stages. 
 
 
Figure 2. Action Design Research process [40] 
• Stage 1: Problem Formulation and Objectives – The main output of this stage is the research 
problem statement which is covered in Section 1. 
• Stage 2: Building, Intervention and Evaluation (BIE) – This stage is classified as an 
organization-dominant activity BIE, as ADR is applied to build, intervene, and evaluate the 
required analytics-enabled BA modeling approach in an organizational context using a case 
study. Section 4 covers the process of Building and Intervening the framework. Sections 5 and 
6 evaluate the framework. 
• Stage 3: Reflection and Learning – This stage involves research reflection and learnings to 
improve the artifacts, developed in Stage 2. The Reflection and Learnings from ADR are 
covered in Sections 5 and 6 of the article. 
• Stage 4: Formalization of Learning: This stage involves formalizing the final learning and 
artifacts from stages 2 and 3 into a generic framework of analytics-enabled adaptive BA. This 
stage also includes final research implications, limitations, and directions for future research. 
The Formalization of Learning is discussed in Section 6. 
The scope of this research project is limited to BA layer of the EA, and it mainly focuses on one 
core class or element of the BA – Capabilities. We chose capabilities because it is one of the most 
tightly connected and referenced classes in BA and is one of the foundational building blocks of a 
BA [16]. Thus, this article aims to explore the intersection of data analytics and business 
capabilities in an overall adaptive or agile BA approach, which will provide a strong foundation for 
further research in this area. Thus, the scope of this research is limited to capability modeling and 
its PPIT dimensions [42].  
The applied ADR process is summarized, as seen in Table 2. 
 
1
• Problem Formulation and Objectives
2
• Iterative building, Intervention and 
Evaluation (BIE)
3
• Reflection and Learning
4
• Formalisation of Learning and final feedback
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Table 2. Summary of the ADR method 
ADR Stage Description 
Stage 1: Problem Formulation The Research Question and scope has been determined. 
Stage 2: Build, Intervene, and Evaluate (BIE) A domain was shortlisted (Capabilities in BA and their PPIT 
relationships) and an analytics-enabled framework was 
developed and evaluated using the case study data through 
intervention (industry research partner engagement and context). 
Stage 3: Reflection and Learning (RL) The continuous feedback for reflection and learning through 
stakeholder engagement shaped the framework. Thus, BIE and 
RL are closely connected. 
Stage 4: Formalisation of Learning (FL) This stage helped to further formalise the learning in terms of 
broader implications (in both research and practice) of the 
proposed framework with directions for further research. 
The advantages of using the ADR method are multifold. The iterative nature of the ADR method 
combined with the continuous artifact development, evaluation for a case study, and 
communication for feedback resulted in the integration of theoretical intent and practical aspects in 
the proposed solution [12]. Thus, ADR with an embedded case study approach was selected as a 
preferred method to address the research problem in hand.  
4 Analytics-enabled Adaptive BA Modeling 
This section presents the analytics-enabled approach for adaptive BA modeling, developed for 




Figure 3. Business analytics-enabled BA 
An adaptive BA generates data for the analytics process. The Analytics process turns the data 
into insights for adaptability, which further generates actions for the adaptive BA. Data could be 
about BA elements such as business capabilities, maturity assessments and projects in flight, etc. 
Insights could be business insights of a descriptive or predictive nature. These insights, while 
useful, may not necessarily translate to actions. Insights can be used to generate action items for 
adaptations. As discussed earlier, due to the large and complex nature of BA, the scope of this 
research includes only the Analytics slice from Figure 3 and business capabilities in particular. The 
capability element of a BA has been chosen because it provides a foundational building block for 










There are two dimensions to this approach – BA dimension and Analytics dimension. 
4.1 Business Architecture (BA)  
The BA modeling dimension focuses on modeling the business capabilities and their relationships 
using the Capsifi BA modeling platform, which is called Jalapeno [41]. The BA modeling stages 
are listed below. These stages are based on TOGAF [6], BIZBOK [16], The Gill Framework [9], 
[24] and the CAPSICUM framework [41], [42]. The five modeling stages are described in Figure 4. 
 
 
Figure 4. BA stages for modeling capabilities 
4.2 Analytics  
The analytics modeling dimension refers to the well-known CRISP-DM methodology, which we 
aim to incorporate into BA modeling for creating the analytics-enabled BA modeling approach. 
CRISP-DM is the cross-industry standard process for data mining, which is recognized by both 
industry and academia [39]. The six phases of this methodology are Business Understanding, Data 
Understanding, Data Preparation, Modeling, Evaluation and Deployment. These phases have been 
tailored to align with the BA modeling dimension as appropriate to the context of this research and 
Capsifi’s needs (Figure 5).  
 
 
Figure 5. Customized CRISP-DM phases 
Understand the business objectives
View curent state of the capability model
View target state of the capability model
Identify capablity elements and their relationships















Other researchers and organizations may have different patterns of CRISP-DM as relevant to 
them. The modified phases of CRISP-DM used in this context are: Business Understanding, Data 
Understanding, Data Preparation, Modeling, Business Visualization and Evaluation. 
4.3 Integrated Analytics-Enabled Adaptive BA 
As discussed in Section 2, various types of analytics, such as Descriptive, Predictive and 
Prescriptive, can be applied to BA. Organizations can integrate the analytics dimension and the 
architecture dimensions in several ways. An example of using descriptive business analytics would 
be to obtain the most relevant data for analysis at the lowest level [43]. Once the most up to date 
data is obtained, the challenge for architects is to generate visualizations or models based on this 
data to aid decision making for stakeholders [32]. Decision making via visual analytics helps 
stakeholders make investment and prioritization decisions. [33] suggests the need for dynamic 
visualizations that evolve with the changing nature of data without expert intervention.  
In this article, we focus on integrating the modified CRISP-DM approach (from analytics 
discipline) as shown in Figure 5 into the BA architecture modeling approach as shown in Figure 4 
to create the analytics-enabled BA modeling approach. The alignment and integration of the 
CRISP-DM and BA modeling dimensions are explained in Table 3. This research contributes to the 
literature and body of knowledge by providing a combination of both dimensions for integrated 
analytics-enabled adaptive BA modeling approach, which has not been studied before to any greater 
detail. Table 3 highlights the intersection of the two dimensions. Each phase of the CRISP-DM 
methodology in the Analytics dimension is mapped to the BA dimension. The aim is to identify the 
interaction points for creating an analytics-enabled adaptive BA modeling approach. 
Table 3. Analytics-enabled Adaptive BA modeling approach 















     




























     
The rows in Table 3 list the stages of the BA dimension, and the columns list the stages of the 
Analytics dimension. Each cell looks at the alignment and integration of both dimensions, which 
are marked using the green tick symbol. The following paragraphs elaborate on these two integrated 
dimensions: 
1. Understand the business 
Understanding the organization, in terms of BA, means to identify the organization’s motivations, 
its strategic drivers (such as the mission, vision, goals) and its tactical drivers (such as the strategies 
and objectives). The outputs of this stage are the critical business / data analytics questions and 
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organizational objectives. Metrics also need to be defined by the architect in collaboration with the 
organization’s stakeholders. 
2. Visualize the current state capability model 
This stage produces the current state business capability model of the organization. As mentioned 
earlier, a capability defines the ability of an organization to achieve an outcome, and a capability 
can be decomposed into the four PPIT dimensions. A current state capability model can be used for 
further assessing and analyzing the current maturity of the capabilities with a “maturity score” or 
mapping the criticality of the capability and other relevant data points. The choice of an assessment 
of the current state largely depends on the specific organization needs. The Analytics dimension 
stages that align with this BA modeling stage are: 
• Data Understanding: Understand the data related to current state capabilities and assessments.  
• Business Visualization: Jalapeno is used to generate the initial business visualizations (the 
current business capability model) for this stage. Further, the capability and its current state 
assessment data are overlayed to provide visual analysis. 
3. Visualize the target state capability model 
Similar to step 2, this step focuses on modeling the target state of the capabilities mapped in the 
business capability model. This is done to further perform the gap analysis between the current and 
target states. The target state would ideally have a complete set of data points for all the areas or 
capabilities. However, an organization may prioritise complete data availability for only important 
areas because it may not be feasible to collect, map and analyze the data for all areas or capabilities. 
It is important to understand the organization’s target state before identifying the gaps. The 
Analytics dimension stages aligned to this BA modeling stage are: 
• Data Understanding: Understand the data related to target state capabilities and the assessment 
performed.  
• Business Visualization: Jalapeno is used to generate initial business visualizations for the target 
state using the target state capability data points.  
4. Overlay capability relationships 
This stage aims to model and overlay the four dimensions related to a capability – PPIT. Each of 
these dimensions refers to a set of data points. For instance, people dimension of a capability may 
refer to a set of roles or number of staff or organization units as data points. Through this stage, it is 
essential to analyze the data points that exist across all these four dimensions. The Analytics 
dimension stages aligned with this BA modeling stage are: 
• Data Understanding: The PPIT elements, and their relationships data is mapped to capabilities. 
• Data Preparation: All available data needs to be collected and made available at this stage so 
we can perform initial exploratory data analysis, which is required to understand and prepare 
the data before detailed analytics. 
• Business Visualization: Jalapeno is used to generate initial business visualizations to 
demonstrate the relationships of PPIT elements for a state-specific (current, target) view of the 
capabilities. 
5. Generate Business Visualizations 
The outputs of the previous stages are collected to generate consolidated insights and 
visualizations to meet the business needs. Tableau and Jalapeno are used for BA modeling and data 
analysis. However, any other appropriate analytics and modeling technologies can be used for this 
step. The Analytics dimension stages aligned with this BA modeling stage are: 
• Data Understanding: Understand the data obtained from earlier steps for the capabilities. 
• Data Preparation: Clean and prepare the data for further analysis. 
• Business Visualization: Perform data analysis and generate visualizations. 
• Evaluation: Evaluate the model to check whether it fits for purpose and addresses the 
stakeholders’ concerns or questions. 
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The above section provided an overview of the proposed analytics-enabled approach to adaptive 
BA modeling. It delved with Step 1 (Problem Formulation) and Step 2 (Build, Intervene and 
Evaluate) of the ADR methodology as outlined in Section 3. The abovementioned framework has 
been developed after consultation with practitioners at Capsifi and academics at UTS. The next 
section will look at implementing this framework in a real-world case study.  
5 Application Case Study 
A case study approach [44] has been used in this ADR project to determine the applicability of the 
proposed adaptive BA framework. Case study based approach is useful for understanding a 
phenomenon or concern within a real-life context. Thus, the framework proposed in Section 4 has 
been applied to a BA case study in the Jalapeno modeling platform for an insurance provider called 
Vitality Health Insurance. Jalapeno is Capsifi’s cloud-based platform that allows an organization to 
model their business from strategy to execution [41]. Vitality Health is based on a real health 
insurance organization, the organization’s name and data have been anonymised for privacy 
reasons.  
The following data was made available for analysis:  
• Capabilities; 
• Capability Map; 
• Organization Units (and their relationship to the capability); 
• Processes (and their relationship to the capability); 
• Data Objects (and their relationship to the capability); 
• Applications (and their relationship to the capability); 
• Epics (and their relationship to the capability). 
Vitality Health wanted to evaluate data gaps and potential dependencies on their capabilities. 
These dependencies would inform Vitality Health’s investment and decision-making process for 
their next planning cycle. The BA dataset was stored in Jalapeno, whereas Tableau was used to 
perform visual analytics on the data. The steps below incorporate the analytics-enabled adaptive BA 
framework from Section 4 to the case study data. 
1. Understand the business scope  
Vitality Health’s strategic motivation model was reviewed in terms of their Vision, Mission, 
Goals, Strategies and Objectives. An example of Vitality’s motivation is to commit to longer, 
healthier lives by making a difference in the way healthcare is delivered to their customers. It is 
important to review the organization’s strategic purpose, which provides context to shaping the 
business data analytics objectives and questions.  
Interviews were conducted with the key stakeholders at Capsifi: the lead business architect, the 
head of product, the CEO and the lead semantic developer of the Capsifi. The goal of the interviews 
was to understand the key questions that need to be addressed for Vitality Health Insurance and to 
understand the dataset. The findings from the interviews were used to create descriptive, predictive 
and prescriptive analytics questions to help frame the business problem and understand the 
objectives as shown in Table 4.  
Table 4 captures the key stakeholder questions to elicit analytics needs for adaptive BA. These 
questions are categorized, depending on the category of the questions: if they are Descriptive, 
Predictive or Prescriptive. For instance, the CEO’s principal concern was whether capabilities and 
initiatives could be prioritised based on current mappings and findings. This prioritisation would 
help shape the CEO’s investment decision making process. This research also identified the data 
mining techniques, which can be used to perform descriptive, predictive or prescriptive analytics. 
For this article, we focus on performing statistical exploratory data analytics on the BA data to 




Table 4. Analytics questions for stakeholders 
 
Descriptive Predictive Prescriptive 
Description 
of stage 
What happened in the past, 
and why? 




What are the critical 
dependencies on a Capability?  
Predict capability alignment to PPIT 
elements and other references 
Preventive actions that 
can be taken  
Can the impact of availability 
or non- availability of these 
dependencies be seen? 
 
Predict types of relationships that can 
be modeled when a new capability is 
added (e.g., analyze trends to suggest 
related pain points) 
 
Can capability relationships be 
prioritised? 
 
Recommended prioritisation for 
capabilities/initiatives based on its 
their current mapping 
 
Gap analysis from a capability 
where data doesn’t exist. 
 Recommend next set of 




Exploratory data analytics  k-nearest neighbor, Decision trees  SVM, Naïve Bayes, XG 
Boost  
The questions in Table 4 have been selected based on their relevance to the research question in 
hand. The success criteria determined by industry partner Capsifi are: 
• Application of the analytics-enabled approach to BA; 
• Providing insights to aid with gap analysis. 
2. and 3. Visualize the current and target state capability models 
The capability data for Vitality Insurance was collected and provided by Capsifi in the 
spreadsheet. The data was analyzed and cleaned before importing into Jalapeno BA modeling 
platform. Data cleaning is a critical step to ensure that the resulting modeling output is logical and 
does not consist of irrelevant values and columns. Figure 6 shows the current state capability map. 
Alongside capability data, assessment data was also provided by Vitality Health for analysis. 
Figure 7 shows the capability map with a ‘Readiness for future state’ assessment data points applied 
to it. Figure 8 shows the capability map with a ‘Future state assessment’ added to it. The colours on 
the capabilities represent the current state maturity data points. The little icons in the top right 
corner of the capability box represent the target state maturity data points overlayed on the current 
state to visualize the gap between the two states. 
The assessment values for future state readiness referenced in Figure 7 and 8 represent the 
following: 
• Underdeveloped: This indicates that the capability is not future-ready. There appear to be gaps 
in the availability and implementation of this capability within the organization. The 
capabilities are currently siloed. 
• Immature: The organization has just started the effort to collate the siloed information. 
Information is still dispersed. 
• Mature: There is a continuous and consistent effort by the organization to make the capability 
future-ready. The capability is clearly defined. There are efforts to maintain and track the 
capabilities across the whole organization. The capability dimensions and linkages may be 
slightly ambiguous. 
• Advanced: This demonstrates all the characteristics as seen in the ‘Mature’ state. Also, the 





Figure 6. Capability Map for Claim Management 
 
 
Figure 7. Capability Map with a current state assessment heatmap 
 
 
Figure 8. Capability Map with current state heatmap and target state overlay 
A series of workshops were conducted with the key stakeholders of Vitality Health to determine 
the current and target state assessments ratings. The different ratings were collated, and a maturity 
assessment value was determined by averaging the current and target state ratings, respectively.  
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Unlike traditional static modeling approaches, modeling and viewing the current and target states 
together in one view with data points, allowed Capsifi architects to analyze and visualize the gaps in 
an effective manner. For instance, the capabilities in red have the most significant gaps. It can be 
observed that for some capabilities, the goal is to attain the ‘Advanced Maturity’ level to align with 
the organization’s strategic motivation. E.g., as seen in Figure 8, the Claims Handling heatmap 
shows that it is currently ‘Underdeveloped’ in terms of Future State Readiness. The target state for 
Claims Handling is ‘Mature’ that makes the gap between the current and target state quite 
significant. For an organization, to be able to view this information provides them with an 
indication for prioritisation of their efforts and resources. By using business analytics, we can 
perform data correlations between the different data elements. 
4. Overlay capability relationships 
Once the initial capability model is developed based on the capability data points, then the four 
PPIT dimensions of each capability can be modeled. While there are many other elements (e.g. 
business services, location, servers, routers) that can be overlayed on the capabilities, however, in 
this first phase, this research will limit the scope to include only the following elements of the 
capability.  
• People: Organization units 
• Process: Processes 
• Information: Data Objects 
• Technology: Applications 
Figure 9 presents the capability model with above mentioned four dimensions. This visual model 
clearly demonstrates the ease of viewing the availability and non-availability of capability 
relationships immediately. It is observed that the two capabilities to the left of the diagram do not 
have any relationships, which need to be modeled based on the provided data points. The first two 
capabilities to the right of the diagram do not have any ‘Applications’ related to a capability as 
observed by the missing blue colour. This is a good example of the visual analysis based on the 
complex spreadsheet dataset. 
 
Figure 9. Capability map and the PPIT dimensions  
5. Generate Business visualizations for gap analysis 
Jalapeno BA modeling platform helped us to model the business capability data. For further 
visual data analytics, we uploaded data from Jalapeno to Tableau. The current and target state data 
is exported in a tabular format in Tableau (Figure 10). Further, k – means clustering has been used 
for cluster analysis in order to generate the required business visualizations (visual analytics) in this 
Legend 




step. The visualizations represent Vitality’s strategic elements mapped against their tactical 
elements for obtaining useful insights. 
 
 
Figure 10. Capability relationship gaps 
It can be observed from Figure 10 that the strategic elements (objectives) are used as a base 
element for the cluster analysis and relevant colour coding. The tactical/execution elements such as 
Processes, Initiatives and Epics are mapped on the Y-axis with the Capabilities mapped on the X-
axis. These views help to highlight the links and gaps between the objectives and their execution. It 
is observed that other than a few capabilities, which have 1-2 objectives aligned, the rest of the 
capabilities have 4-6 epics, initiatives and processes, as shown in Figure 10. It means that these are 
the areas (epics, initiatives) that Vitality is currently investing in; however, these areas seem not to 
be aligned or linked to any objectives, and thus this provides the insights which indicate the non-
strategic alignment of the current investments. This business analytics-enabled approach to BA 
modeling offered an interesting insight and highlighted a potential gap between strategy and 
execution (epics, initiatives). This may drive actions such as stopping the certain initiatives which 
are not aligned to strategic objectives. Thus, this indicates the adaptive nature of the BA as enabled 
by the analytics and evidence.  
This analysis from Figure 10 has been further extended to get additional insights for further 
actions and adaptations. It can be observed from Figure 11 that the Objectives have been segregated 
into three columns (each indicating the objective count on each capability). Similar to the previous 
Figure 10, the Y-Axis represents the Processes, Initiatives and Epics, and the X-axis indicates the 
Capabilities. The circles in this image are also representing the availability (and its count) for each 
tactical element. The cluster colours in this image represent the number of skills (people) with Red 
colour indicating 0 skills and Dark Green indicating up to 8 skills. Capabilities with 1 Objective but 
a less mature skills availability indicate that the organization needs hiring or re-training of skills as 
an action item for adaptation. This business analytics-enabled approach offers clear evidence and 
insights compared to traditional static document-driven modeling of BA using traditional modeling 





Figure 11. Capability relationship gap analysis 
The model in Figure 12 is a representation of the tactical (epics) progress and their relationship to 
capability uplift. The Y-axis represents the count of Epics executed, and the X-axis shows the 
capability uplifts. The colours indicate the Epics that are uplifting the capabilities in the X-axis. 
This model in Figure 12 provides fascinating insights that indicate which of the capabilities do not 
have any supporting Epics within the ‘Technology’ dimension of a Capability. This may mark the 
need for required investment in those specific areas of epics or technology to uplift the business 
capabilities. This is another demonstration of the business analytics-enabled and evidence-based 
BA modeling approach applicability for identifying useful insights for further actions and 
adaptation. 
 
Figure 12. Capability Gap analysis 
In Table 5 we summarize the findings from this research as per the case study research method [44]. 
Table 5. Case study summary 
Case 
description 
Research Problem Data Sources Investigators Output 
1 organization  Evaluate data gaps and 
potential dependencies 





Research team An analytics-enabled BA 
framework applied to case 
study data in a practical 




6.1 Contribution to Research and Practice 
A key contribution to research is that this framework builds on the integration of theoretical 
business analytics and BA domains. This framework also enhances the existing knowledge and 
understanding of the use of business analytics for adaptive BA, which is the main research question 
of this article. Thus, based on the learning from this research, it can be suggested that traditional 
visual notation based static modeling approaches such as ArchiMate and BPMN could be enhanced 
with business analytics approaches. This is because visual static modeling is not enough to meet the 
needs of an increasingly digitized and dynamic business environment. If existing modeling 
approaches can be extended with data and business analytics, it can offer insights beyond a static 
model in a large textual document. This lays the foundation for further research in this area of 
analytics-enabled visual modeling. 
The proposed framework has also been applied to an insurance organization’s case study, which 
demonstrates its applicability to practice. The proposed framework can be tailored and applied to 
other similar contexts and problems. The proposed framework has implications for practice. For 
instance, it can be used to inform the establishment of analytics-enabled adaptive BA practice in an 
organization. Furthermore, it can be used to identify the types of data required for a BA element 
such as business capability, service, events and applications etc. It can also be used for upskilling 
architects who have an interest in analytics-enabled BA.  
6.2 Learning and Reflection  
It was useful to obtain and analyze feedback from stakeholders through continuous reflection and 
learning. Key reflections and learnings are listed here: 
• Feedback from the stakeholders was essential in identifying their concerns or questions and 
required data for iteratively developing and evaluating the framework. 
•  Establishing a clear understanding of the problem and data within its context was critical for 
the trustable analytics-enabled adaptive BA and related insights. 
• Stakeholder concerns were reviewed to ensure only questions with available datasets and those 
most relevant to our research question in hand were pursued.  
• The use of the case study approach within the ADR method was beneficial to evaluate the 
applicability of the proposed framework within its real-life context.  
• The research also needed to employ project management techniques to ensure all stakeholders 
had clarity on the research status, tasks pending, and timeframes; so expectations could be 
balanced. The researchers needed to track project timelines and provide fortnightly updates to 
all stakeholders regarding the progress.  
Research is an ongoing process, and like any other research, this research also has some limitations, 
which may pose a threat to its validity. The research, framework and results need to be considered 
with the following limitations: 
• The application of the proposed framework within a single organizational context may be 
considered a limitation. However, proposed framework is adaptable and can be tailored for 
different organizational contexts, as required. 
• There could be a possibility of researcher bias in developing and evaluating the proposed 
framework. However, this risk was mitigated and minimized through continuous stakeholder 
engagement and feedback loops.  
• The case study dataset was mainly around business capabilities, which could be seen as a 
possible threat to the validity of this research. However, for simplicity and proof of concept 
reasons, we only tested the business capability element, and future research may test and 
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evaluate other elements of the analytics-enabled adaptive BA such as business service, product, 
events etc. 
• The data collection and cleansing were the most time-consuming activities in the proposed 
analytics-enabled adaptive BA approach. This may require the appointment of additional 
resources or roles (such as adaptive BA data steward and analyst) to support business 
architects.  
6.3 Future Work 
This research opens up several options for further research in this important area.  
• The analytics techniques used in this research caters well to tabular data. It does not cater to the 
more dynamic and schema-less graph-based data. Future work will aim to explore the impact of 
analytics in graph-based data. 
• This research paper mainly focused on exploratory and descriptive analytics techniques for 
adaptive BA. Future work will aim to implement predictive and prescriptive analytics.  
• A data quality check or assessment in the framework can be developed to check the fitness of 
data for its intended purpose. The data collection and cleaning was the most important and 
time-consuming activities in the proposed analytics-enabled approach. The team spent 
significant time in exploring, understanding and cleaning the data to ensure that the data fits for 
analytics and generating adaptive BA visualisations and models.  
• The gap analysis is based on visually charting the tabular data imported into Jalapeno and 
Tableau. Future work will include dynamic charting depending on metrics that can be 
calculated through analysis or calculations.  
• The scope of analytics-enabled adaptive BA modeling can be extended to include other 
dimensions of architecture such as Business Services, Products, Events, Value Streams, and 
Applications etc.  
• The proposed approach may require the seamless integration of the BA modeling platforms 
(e.g. Jalapeno) and analytics platforms (e.g. Tableau, R) for integrated analytics-enabled 
adaptive BA modeling. This would reduce the time and effort required for exporting and 
importing data from one platform to another platform.  
7 Conclusion 
There is an increasing interest among the community to use business analytics for BA modeling. 
The challenge is how and where to use business analytics in BA. This article presented a business 
analytics-enabled adaptive BA modeling approach and demonstrated its usefulness with the help of 
a case study at the industry research partner Capsifi. The aim of this modeling case study was to 
develop and evaluate the proposed approach against the defined success criteria (Table 6). 
Table 6. Metric evaluation outcome 
Criteria Outcome 
Application of analytics-enabled techniques to BA We have demonstrated the applicability of the 
proposed approach with the help of a practical case 
study in Capsifi. 
Addressing stakeholder concerns by providing 
insights to aid with gap analysis and decision 
making 
The business visualizations offer insights to Capsifi 
stakeholders to aid them with gap analysis and 
decision making. 
The proposed framework seems to fit for the purpose of guiding analytics-enabled adaptive BA 
modeling. It also enhances our understanding and theoretical knowledge about the integration of 
two different, yet relevant domains of business analytics and BA. It lays the foundation for evidence 
and data-driven adaptive BA. In future, the learning from this article can be framed into a 
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comprehensive theoretical and practical approaches for adaptive BA modeling. A decision support 
and automation system can be developed to provide the end to end technology platform for adaptive 
BA modeling, which can facilitate the integration of both the analytics and visual modeling. 
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